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Abstract—Story point estimation is a task to estimate the overall effort required to fully implement a product backlog item. Various

estimation approaches (e.g., Planning Poker, Analogy, and expert judgment) are widely-used, yet they are still inaccurate and may be

subjective, leading to ineffective sprint planning. Recent work proposed Deep-SE, a deep learning-based Agile story point estimation

approach, yet it is still inaccurate, not transferable to other projects, and not interpretable. In this paper, we propose GPT2SP, a

Transformer-based Agile Story Point Estimation approach. Our GPT2SP employs a GPT-2 pre-trained language model with a GPT-2

Transformer-based architecture, allowing our GPT2SP models to better capture the relationship among words while considering the

context surrounding a given word and its position in the sequence and be transferable to other projects, while being interpretable.

Through an extensive evaluation on 23,313 issues that span across 16 open-source software projects with 10 existing baseline

approaches for within- and cross-project scenarios, our results show that our GPT2SP approach achieves a median MAE of 1.16,

which is (1) 34%-57% more accurate than existing baseline approaches for within-project estimations; (2) 39%-49% more accurate

than existing baseline approaches for cross-project estimations. The ablation study also shows that the GPT-2 architecture used in

our approach substantially improves Deep-SE by 6%-47%, highlighting the significant advancement of the AI for Agile story point

estimation. Finally, we develop a proof-of-concept tool to help practitioners better understand the most important words that contributed

to the story point estimation of the given issue with the best supporting examples from past estimates. Our survey study with 16 Agile

practitioners shows that the story point estimation task is perceived as an extremely challenging task. In addition, our AI-based story

point estimation with explanations is perceived as more useful and trustworthy than without explanations, highlighting the practical

need of our Explainable AI-based story point estimation approach.

Index Terms—Agile Story Point Estimation, AI for SE, Explainable AI

!

1 INTRODUCTION

“Good estimation helps product owners optimize for
efficiency and impact.”–an Atlassian manager. [1]

Story point estimation is one of the most difficult
task in Agile. Story points are units of measure for
expressing an estimate of the overall effort required
to fully implement a product backlog item. Typically,
story points are estimated by the team using various
approaches based on team consensus, e.g., Planning
Poker, Analogy, and expert judgment, by considering
the amount of work, complexity, risk, and uncertainty.
However, Usman et al. [53] point out that the subjective
estimation based on domain experts may introduce bias.
Hence, such inaccurate story point estimation (i.e., over-
estimate/underestimate) could lead to ineffective sprint
planning, resulting in idle developer time, cost overruns,
or project failure.

Thus, various Artificial Intelligence (AI) and Machine
Learning (ML) have been used for story point estima-
tions [7, 11, 36]. For example, Porru [36] used Bag-
of-Words (BoW) features with various machine learn-
ing techniques (e.g., support vector machine). However,
such Bag-of-Words (BoW) features needed to be hand-
crafted, which is time-consuming. Recently, Choetkier-
tikul et al. [7] proposes a Deep-SE approach, which is
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an end-to-end deep learning approach for agile story
point estimations. Deep-SE starts from building a pre-
trained language model for generating vector represen-
tations. Then, Deep-SE employs Long Short-Term Mem-
ory (LSTM) with Recurrent Highway Network (RHWN)
to automatically learn the distributed representation of
words in order to estimate story points. However, the
Deep-SE approach has the following three limitations.

• First, Deep-SE builds a pre-trained language model
from their own story point datasets for each project.
Such the project-specific pre-training is very time
consuming (i.e., Deep-SE takes 2-7 hours to build
a pre-trained model for each project), limiting the
understanding of the language models to the known
vocabs within the trained project, which is not trans-
ferable to other projects (as demonstrated by the
inaccurate cross-project estimations of Deep-SE).

• Second, Deep-SE employs LSTM to learn the embed-
ding vectors generated from the pre-trained mod-
els. Due to the sequential nature of LSTM, the
unidirectional LSTM only processes words in one
direction (i.e., from left to right). Hence, such LSTM
networks are not able to capture the global word
dependencies from the current words to the past
words (i.e., from right to left) in a sequence, limiting
the ability to capture the rich semantic meanings
and the relationship between the words in the issue
and the story points.
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• Finally, the Deep-SE architecture is not yet inter-
pretable, preventing researchers and practitioners
to understand what words contribute the most to
the predictions. Such a lack of interpretability often
hinders the adoption in software development prac-
tices [7, 9, 48, 49].

In this paper, we propose GPT2SP, a Transformer-
based Agile Story Point Estimation approach to ad-
dress the three limitations of Deep-SE. First, instead
of using word-level tokenization, we employ a byte-
pair-encoding subword tokenization to split rare words
into subword units, reducing the vocabulary size by
73% (from 186,625 vocabs to 50,257 vocabs). Second,
instead of using project-specific pre-trained models,
we employed a GPT-2 language model, allowing our
GPT2SP approach to generate more meaningful vectors
for any projects. Third, instead of using LSTM networks,
we employ the GPT-2 architecture [38] with a masked
multi-head self-attention mechanism [54], allowing our
GPT2SP approach to better capture the relationship
among words while considering the context surrounding
a given word and its position in the sequence.

Finally, we evaluate our approach using Mean Abso-
lute Error and compare with other existing nine baseline
approaches (i.e., Deep-SE [7], LSTM+RF, LSTM+SVM,
LSTM+ATLM, LSTM+LR, Doc2Vec+RF, BoW+RF, Mean,
and Median) for within-project scenarios. We then com-
pare our approach with Deep-SE and Analogy-based
Estimation (ABE0) for cross-project scenarios. Through
an extensive evaluation of our approach on 23,313 issues
that span across 16 open-source software projects, we
address the following three research questions:

(RQ1) Does our GPT2SP outperform Deep-SE for
within-project scenarios?
Results. We find that our GPT2SP achieves a
median MAE of 1.16, which is 34%-57% sig-
nificantly more accurate than the existing nine
baseline approaches. The ScottKnott ESD test
also confirms that our GPT2SP is the only ap-
proach that appeared in Rank-1, indicating that
our GPT2SP models statistically outperform other
existing baseline approaches with non-negligible
difference for within-project evaluations.

(RQ2) Does our GPT2SP outperform Deep-SE for
cross-project scenarios?
Results. We find that, regardless of the used
training set from within-repository or cross-
repository, our GPT2SP is still the most accu-
rate for cross-project estimations when compared
with the Deep-SE and ABE0 (Analogy-based Es-
timation). In particular, our GPT2SP achieves a
median MAE of 2.14, which is more accurate than
than Deep-SE by 39% and ABE0 by 49% for cross-
repository evaluations, highlighting the benefits
of using GPT-2 language models to learn the
distributed representations of words in a broader
context than the Deep-SE language models.

(RQ3) What are the contributions of the components
of GPT2SP?
Results. We find that the Transformer architec-
ture used in our GPT2SP substantially improves
the MAE of Deep-SE by 6% to 47%, highlighting
the substantial benefits of using the Transformer
architecture for Agile story point estimation. On
the other hands, the choice of subword tok-
enization algorithms have little impact on the
MAE. Nevertheless, BPE is still the best subword
toknization algorithm for our GPT2SP.

These results lead us to conclude that our GPT2SP is
the most accurate agile story point estimation techniques
when compared to the existing ten baseline approaches
(including Deep-SE [7]), highlighting the significant ad-
vancement of the AI for Agile story point estimation.

Survey Study. To help practitioners better under-
stand the story point estimation from our GPT2SP mod-
els, we develop a proof-of-concept web-based Agile
story point estimation tool. Taking an issue as input,
our GPT2SP tool estimates a story point; highlights the
most important word that contributed to the story point
estimation of the given issue; and provides supporting
examples from the training set of the same project.
Our survey study with 16 Agile practitioners indicates
that the story point estimation task is perceived as an
extremely challenging task. In addition, our AI-based
story point estimation with explanations is perceived as
more useful and trustworthy than without explanations,
highlighting the practical need of our Explainable AI-
based story point estimation. Our model inspection anal-
ysis shows that our GPT2SP can uncover 20% supporting
examples in the training that have the same important
token and the same story points, indicating that our
GPT2SP is able to learn the relationship between issues
and story points from the past estimates in order to
correctly estimate a story point for a given issue.

Novelty & Contributions. To the best of our knowl-
edge, this paper is the first to present:

• A Transformer-based Agile story point estimation
approach (GPT2SP).

• An extensive evaluation of 23,313 issues with ex-
isting nine baseline approaches (including Deep-
SE [7]) for both within-project and cross-project
evaluation scenarios.

• An ablation study to quantify the contributions of
the two components (i.e., BPE and Transformer)
used in our GPT2SP.

• A proof-of-concept web-based Agile story point
estimation tool (URL: https://share.streamlit.io/
awsm-research/gpt2sp webapp/main/app.py).

Open Science. To facilitate future work, we publish
the studied dataset, scripts, and experimental results
(e.g., raw predictions) in GitHub (https://github.com/
awsm-research/gpt2sp).
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2 BACKGROUND

Agile is an iterative development process which consists
of four main steps, i.e., (1) product backlog refinement,
(2) sprint planning, (3) sprint executing, and (4) sprint
delivering. At the beginning, product owners collect
software requirements from customer representatives in
the form of a list of work items to develop the software
(aka a product backlog). In the first step of the product
backlog refinement, the team reviews and refines the
work items in the product backlog. Since some work
items may be large (e.g., Epics which describes a high-
level overview of a feature), the team performs work
breakdowns by creating a set of smaller work items (aka
stories or work items). Then, the team estimates the effort
required to complete work items and prioritizes them.
Finally, the team performs a sprint planning, defines the
sprint goal, determines the team capacity, selects work
items according to their capacity into a sprint backlog,
and executes the sprint in a short iteration in order to
deliver a working product [3].

Story Points (SP) are estimates of relative effort of
a work item. Work items are often called as issue in
JIRA issue tracking systems. Typically, story points are
estimated by the team using various approaches based
on team consensus, e.g., Planning Poker, Analogy, and
expert judgment [52], by considering the amount of
work, complexity, risk, and uncertainty. However, Us-
man et al. [53] point out that the subjective estimation
based on domain experts’ experience may introduce
bias. Hence, such inaccurate story point estimation (i.e.,
overestimate/underestimate could lead to ineffective
sprint planning, resulting in idle developer time, loss
of productivity, cost overruns, project failure, customer
dissatisfaction, and loss of business.

Recently, Choetkiertikul et al. [7] propose Deep-SE,
an end-to-end DL-based approach for Agile Story Point
Estimation. They evaluate the model on both within-
project and cross-project scenarios where the training
data and testing data are from two different projects.

Deep-SE is evaluated using 23,313 issues (aka work
items) from 16 open source projects that use JIRA is-
sue tracking. Each issue typically has a title and a
description, and a story point associated with that is-
sue. Figure 1 provides an example JIRA issue with an
associated story point. Given an issue, Deep-SE auto-
matically learns semantic features which represent the
meaning of issues using a deep learning architecture,
i.e., Long Short-Term Memory (LSTM) and Recurrent
Highway Network (RHWN). Their experiments show
that Deep-SE achieves an average Mean Absolute Error
of 2.08, which outperforms other ML-based approaches
(i.e., LSTM+RF, BoW+RF, Doc2Vec+RF, TFIDF+SVM[36])
and simple baselines. Deep-SE consists of four steps:

Step 1: Word-Embedding. Words in issue reports writ-
ten in natural languages often have their own semantic
meanings, yet they are hard to represent.

Thus, Deep-SE learns the distributed representation

Fig. 1: An example JIRA issue with an associated story
point.

of words by building a pre-trained language model in
an unsupervised manner using an unlabeled corpora
of domain specific data (e.g., issue reports). To do so,
they first combine the title and description of an issue
report into a single textual document where the title
is followed by the description. Each word in an issue
report is represented as a low dimensional, continuous
and real-valued vector.

Step 2: Document Representation using LSTM. Since
a document consists of a sequence of words, Deep-SE
employs a Long Short-Term Memory (LSTM) unit, which
is a special variant of Recurrent Neural Network (RNN).
Then, the LSTM generates a sequence of state vectors,
which are then pooled to form a document-level vector.

Step 3: Deep Representation using RHWN. To pre-
vent overfitting, Deep-SE employs a Recurrent Highway
Network (RHWN) to transform the document vector
multiple times before generating a final vector which
represents the document.

Step 4: Regressor. Finally, Deep-SE takes the docu-
ment vector as input into a linear activation function in
a feedforward neural network to estimate a story point.

3 THE GPT2SP ARCHITECTURE

In this section, we present the GPT2SP architecture,
which is a GPT-2 Transformer-based Agile Story Point
Estimator.

Overview. Given an issue report, in Step 1 , we per-
form subword tokentization using a byte-pairs encoding
(BPE) approach based on a GPT-2 pre-trained language
model in order to produce subword-tokenized issues
(i.e., a list of subwords for each issue). In Step 2 , we
build a GPT2SP model based on a GPT-2 architecture.
For each subword-tokenized issue, in Step 2a , GPT2SP
performs a word & positional encoding in order to
generate an embedding vector of each word and its
position in the issue. Then, in Step 2b , the vector is
fed into the GPT-2 architecture, which is a stack of 12
Transformer decoder blocks. Each decoder consists of
a masked multi-head self-attention and a feed forward
neural network. Then, the output vector is fed into a
Multi-Layer Perceptron in order to estimate the story
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Fig. 2: An overview architecture of our GPT2SP.

point of the given issue. Below, we describe the details
in each step.

3.1 Subword Tokenization

Tokenization is an important step in natural language
processing, aiming to breaking unstructured data and
natural language text into chunks of information that
can be considered as discrete elements. There exist three
main granularity levels of tokenization approaches, i.e,
words, subwords, and characters. In the prior work [7],
Deep-SE used word-level tokenization (i.e., breaking
a sentence into words). However, the word-level to-
kenization will produce an extremely large corpus of
vocabularies (i.e, there are 185,625 unique words in
the Deep-SE corpus), limiting the ability of the Deep-
SE approach to generate meaningful representation of
words. With this limitation, Deep-SE can only generate
a vector representation of vocab in the training dataset,
but not for a new vocab that hasn’t been learned before.
Although character-level tokenization can address the
open vocabulary problem, each character lacks of mean-
ing, and increases the input computation, limits network
choices due to excessively large input sequences.

To address this limitation, we perform a subword
tokenization using a Byte-Pair-Encoding (BPE) algo-
rithm [12, 44]. Subword tokenization will preserve the
common words (i.e., will not split the common words
into smaller subwords), but only split rare words into
meaningful subwords. For example, the title of the given
issue (see Figure 1) is “ExpressionExecutionException
when element ...”. Thus, this title will be split into a list of
subwords, i.e., [”Exp”, ”ression”, ”Exec”, ”ution”, ”Ex-
ception”, ”when”, ”element”, ...]. Since ’ExpressionEx-
ecutionException’ is a rare word, it is split into four
subwords. On the other hands, other common words
are preserved to the original form (e.g., when, element).
Below, we briefly describe the BPE algorithm [44].

BPE performs two main steps: 1a generating merge
operations, and 1b applying merge operations based on
the subword vocabularies. Merge operations are used
to determine how a word should be split. To generate
merge operations, in Step 1a , BPE will first split all

words into characters sequences. Then, BPE generates
a merge operation by identifying the most frequent
symbol pair (e.g., the pair of two consecutive characters)
that should be merged into a new symbol.

In this paper, we use the merge operations and the
subword vocabularies generated from the GPT-2 corpus
(i.e., a massive 40GB of 8 million web pages) for pre-
training the GPT-2 language model. Different from prior
work [7], BPE used by our GPT2SP approach substan-
tially reduces the vocab size by 73% (i.e., from 185,625
vocabs to 50,257 vocabs).

3.2 Model Building

Issues are written in natural language, which heavily
relies on context and the position of each word in a
sentence. Hence, it is important to capture the word
dependencies within the issues, especially, for learning
issues for estimating story points. Let’s consider the
example issue in Figure 1 with the title “ExpressionExe-
cutionException when element that expects a DW starts
with space”. This issue title is about an exception was
thrown when something unexpected happens. In partic-
ular, the word “element” is related to the “Exception”,
while the word “expect” is related to “DW”, and the
word “start” is related to “space”. Yet, the understanding
of such complex and context dependent issue titles is a
challenging problem of AI for story point estimations.

Previously, Deep-SE builds a pre-trained language
model for each project to generate a vector represen-
tation of each word, limiting the understanding of the
language models to the known vocabs within the trained
project and limiting the transferability of Deep-SE that
learned from one project to other projects. Then, Deep-
SE employs LSTM to learn the vector representation.
Due to the sequential nature of LSTM, the unidirectional
LSTM only processes words in one direction (i.e., from
left to right). Hence, it is not able to capture the global
word dependencies from the current words to the past
words (i.e., from right to left) in a sequence, limiting
the ability to capture the rich semantic meanings and
the relationship between the words in the issue and the
story points.
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To address these limitations of Deep-SE [7], we use
a GPT-2 language model to generate a vector repre-
sentation of each token. The GPT-2 language model is
a foundation model that is pre-trained on broad data
at scale which can be adapted (e.g., fine-tuned) to a
wide range of downstream tasks [6]. The GPT-2 language
model is pre-trained from a massive 40GB of 8 million
web pages in an unsupervised fashion (i.e., without
labels), allowing our GPT2SP approach to better capture
the relationship among words and generate more mean-
ingful vectors for any projects. Due to the nature of the
foundation model, our GPT2SP approach is transferable
to other projects without the need to build a pre-trained
language model for every project like Deep-SE (i.e.,
Deep-SE takes 2-7 hours to build a pre-training model
for each project).

Generally, our GPT2SP model building consists of 3
parts: word & positional encoding, a stack of 12 decoder-
only Transformer blocks, and a fully-connected layer of
multi-layer perceptron.

2a Word & Positional Encoding. The goal of this
step is to generate encoding vectors that capture the
semantic meaning of the word and its position in the
input sequence. To do so, for each word in a subword-
tokenized issue, we generate two vectors: (1) a word
encoding vector to represent the meaningful relationship
between a given word and the other tokens and (2) the
positional encoding vector to represent the position of a
given token in the input sequence. The token encoding
vectors are generated according to the word embedding
matrix W|V |!d

te where |V | is the vocabulary size and d
is an embedding size. The positional encoding vectors
are generated according to the positional embedding
matrix Wc!d

pe where c is the context size and d is the
embedding size. Then, both the word encoding vector
and the positional encoding vector are concatenated in
order to produce an encoding vector into our GPT2SP.

2b A Stack of 12 Decoder-only Transformer Blocks.
In this Step, the encoding vectors are fed into a stack
of 12 decoder-only Transformer blocks (i.e., the GPT-2
architecture [38]). Each decoder block consists of two
components, i.e., a masked multi-head self-attention [54]
and a fully-connected feed-forward neural network. Be-
low, we briefly describe the masked multi-head self-
attention and the feed-forward neural network.

The masked multi-head self-attention [38] is used to
compute an attention weight of each word, producing
an attention vector which will be used in the Decoder
block to indicate which words that the Transformer
model should pay attention to. Generally, the masked
self-attention mechanism is used to obtain global depen-
dencies where the (self-attention) weights are indicative
of how each word of the sequence is influenced by
all the other words in the sequence without attending
the subsequent positions (masked), allowing our GPT2SP
approach to capture dependencies between every word
which leads to more meaningful representation.

The self-attention mechanism [54] employs a concept

of information retrieval (i.e., computing the relevant
scores of other words in the sequence based on a given
word). The self-attention mechanism consists of three
main components, i.e., Query (Q), Key (K), and Value
(V ). The Query is a representation of the current word
used to score against all the other words (using their
Keys), while the Key vectors are labels for all the other
words in the sequence that are used to search for relevant
words, and the Value vectors are vectors after multi-
plying them by their associated score (i.e., dot product
followed by softmax) using the following calculation:
Attention(Q,K, V ) = softmax( QK"

dk

)V .
A multi-head mechanism is used to jointly attend

to parts of the sequence differently in parallel
in order to capture richer semantic meanings of
the input sequence. The multi-head mechanism
can be described as the following calculation:
MultiHead(Q,K, V ) = Concat(head1, ..., headh)WO,
where headi = Attention(QWQ

i , KWK
i , VWV

i ), where
WO is used to linearly project to the expected dimension
before being sent to a fully connected neural network.
Finally, the vectors are fed into a fully-connected
feed-forward neural network.

2c Multi-Layer Perceptron Regressor. Since GPT-
2 is mainly designed for text generation tasks (e.g.,
Text!Text), the original GPT-2 architecture is not di-
rectly applicable to our story point estimation task (i.e.,
Text!Number). Instead of using a single linear layer to
predict the probabilities of the next word, we modify the
last layer of GPT-2 to a 3-layer Multi-Layer Perceptron
(MLP) regressor to estimate the story point for a given
input issue. The predicted function is applied to map
the input features to the output target (i.e., story point),
which can be expressed as follows: ŷ(X) = b+

!M
i=1 wi,

where M is the number of hidden nodes, b is the bias
of the output node, and wi represents the connection
weights of output node to ith node in the hidden layer.

4 EXPERIMENTAL SETUP

In this section, we present the motivation of our three re-
search questions, our studied datasets, our model imple-
mentation, our hyperparameter settings, our evaluation
measure, and our statistical analysis.

4.1 Research Questions

To evaluate our GPT2SP, we formulate the following
three research questions.

(RQ1) Does our GPT2SP outperform Deep-SE for
within-project scenarios? Story point estimation is
known to be specific to teams and projects. Choetkier-
tikul et al. [7] propose Deep-SE, a state-of-the-art deep
learning approach for story point estimation, yet their
approach is still inaccurate. Thus, we propose our
GPT2SP to address the limitations of Deep-SE. Hence,
we formulate this RQ to evaluate whether GPT2SP
outperforms Deep-SE for within-project estimation sce-
narios.
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TABLE 1: The descriptive statistics of the story point datasets provided by Choetkiertikul et al. [7].

Repository Project #Issues SPmin SPmax SPmean SPmedian SPvar SPstd

Apache Mesos 1,680 1 40 3.09 3 5.87 2.42
Usergrid 482 1 8 2.85 3 1.97 1.4

Appcelerator Appcelerator Studio 2,919 1 40 5.64 5 11.07 3.33
Aptana Studio 829 1 40 8.02 8 35.46 5.95

Titanium SDK / CLI 2,251 1 34 6.32 5 25.97 5.1
Dura Space DuraCloud 666 1 16 2.13 1 4.12 2.03

Atlassian Bamboo 521 1 20 2.42 2 4.6 2.14
Clover 384 1 40 4.59 2 42.95 6.55

JIRA Software 352 1 20 4.43 3 12.35 3.51
Moodle Moodle 1,166 1 100 15.54 8 468.53 21.65
Lsstcorp Data Management 4,667 1 100 9.57 4 275.71 16.61
Mulesoft Mule 889 1 21 5.08 5 12.24 3.5

Mule Studio 732 1 34 6.4 5 29.01 5.39
Spring Spring XD 3,526 1 40 3.7 3 10.42 3.23

Talendforge Talend Data Quality 1,381 1 40 5.92 5 26.96 5.19
Talend ESB 868 1 13 2.16 2 2.24 1.5

TOTAL 23,313

(RQ2) Does our GPT2SP outperform Deep-SE for
cross-project scenarios? At the beginning of new Agile
software development projects, story point estimation
may be a difficult task for Agile practitioners due to lack
of shared knowledge. Similarly, AI/ML approaches for
story point estimation may also be not accurate due to
lack of training data. One common approach to address
this issue is to perform a cross-project estimation, i.e., the
model is trained on one source project, while applying
it to another target project. Hence, we formulate this RQ
to evaluate whether GPT2SP outperforms Deep-SE for
cross-project estimation scenarios.

(RQ3) What are the contributions of the compo-
nents of GPT2SP? The architecture of our GPT2SP
consists of 2 major components (BPEGPT2+GPT2),
which is different from the Deep-SE architecture
(WordEmb+LSTM+RHWN). Yet, little is known about
how does each component of our approach contribute
to the story point estimations. Hence, we formulate
this RQ to empirically evaluate the contribution of each
component of our GPT2SP.

4.2 Studied Datasets

To establish a fair comparison of our GPT2SP with
the state-of-the-art Deep-SE approach, we use the same
benchmark datasets provided by Choetkiertikul et al. [7].
They collect the dataset from JIRA, one of the few
widely-used issue tracking systems that supports agile
software development including the story point estima-
tion with its JIRA Agile plugin. For each project, issues
and related key information (i.e., issue ID, title, descrip-
tions, and story points) are collected by Choetkiertikul et
al.through JIRA REST API up until August 8, 2016.
Table 1 describes the statistic of the datasets. Ultimately,
we conduct our experiments with 23,313 issues from 16
different projects.

4.3 Model Implementation

To build our GPT2SP model, we mainly use two
Python libraries, i.e., Transformers developed by Hug-

gingFace [56] and PyTorch [30]. The Transformers library
provides API access to the Transformer-based model
architectures, while the PyTorch library supports the
computation during the training (e.g., back-propagation
and parameter optimization). To construct the GPT2SP
models, we use the GPT-2 tokenizer based on the GPT-
2 corpus provided by Transformers and build our cus-
tom GPT-2 architecture on top of the pre-trained GPT-2
model [39]. We use the training set to build GPT2SP
models using an NVIDIA RTX 3090 graphic card. The
model training time varies from 3 to 39 seconds for
each project (see Table 4 in Appendix). Similar to any
deep learning models, GPT-2 model involves various
hyper-parameters. Thus, the learning process is achieved
through the optimization process of finding the best set
of hyper-parameters ! that minimizes the loss function
L(!) of the validation set (not the testing set). The L1
loss function L(!) is used to minimize the error of
our GPT2SP models, which is the sum of the all the
absolute differences between the true value and the
predicted value (L(!) = !n

i=1|ytrue " ypredicted|). We use
an AdamW optimizer [26] with a learning rate (LR) of
5e " 4 to prevent over-fitting in the training process.
The AdamW optimizer is a enhanced version of the
Adam optimizer [21] with weight decay regularization,
which is used to minimize the loss function, since it has
been shown to be computationally efficient and require
low memory consumption. Finally, we also use back-
propagation, a simple implementation of the chain rule
of partial derivatives, to efficiently update the parame-
ters during the training process.

4.4 Hyper-Parameter Settings

Four different versions of GPT-2 have been proposed [38,
39]: small, medium, large, and xl. These variants differ
in terms of the number of layers, the number of hidden
states, the number of heads, and the number of total
parameters. For example, the GPT-2small has 117 million
parameters, while the GPT-2xl has 1.5 billion parame-
ters. Prior works point out that the complex variants
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of Transformer models may increase the accuracy, the
training complexity also increases as well due to the
increasing number of parameters [28]. Thus, we expect
that the results achieved in our study to be a lower
bound for the performance of a GPT-2-based models. To
avoid any excessive computation, we use the GPT-2small,
the smallest version of GPT-2 with the default hyper
parameter settings, i.e., 12-layer, 768-hidden, 12-heads,
117M parameters. The GPT-2small is pre-trained from a
vocabulary size of 50,257. Each word is embedded into
an encoding vector size of 768. Each vector is fed into
the GPT-2small architecture with a stack of 12 blocks of
Transformer decoders (i.e., 12-layer). Each decoder block
is identical with the masked multi-head self-attention
mechanism and the feed-forward neural network. For
the masked multi-head self-attention mechanism, the
key and value matrices of all attention mechanisms
have an inner dimension (dkv) of 64. Thus, after the
concatenation step, the size of the attention vectors will
be 768 (64#12 heads). Then, these vectors are fed to the
fully-connected feed-forward neural networks.

4.5 Evaluation Measure

We use Mean Absolute Error (MAE) as our evaluation
measure for both within-project and cross-project experi-
mental scenarios, which is also used to evaluate DeepSE
by Choetkiertikul et al. [7]. MAE measures the average
magnitude of the errors in a set of forecasts without
considering their direction. Noted that the goal of this
paper is to advance the state-of-the-art Deep-SE (not
random guessing). Thus, other measures (e.g., MdAE,
MMRE, SA) are not selected, since MdAE (Median Ab-
solute Error) does not capture the outlier estimations,
MMRE is biased towards the under estimation, and
SA (Standardized Accuracy) is relative to the random
guessing [43].

4.6 Statistical Analysis

To evaluate if the accuracy improvement of GPT2SP
and other baselines is statistically significant with non-
negligible effect size, we apply a non-parametric Scot-
tKnott ESD test [47] instead of the original ScottKnott
ESD approach.

The Non-Parametric ScottKnott ESD (NPSK) test is
a multiple comparison approach that leverages a hier-
archical clustering to partition the set of median val-
ues of techniques into statistically distinct groups with
non-negligible difference. The NPSK test produces the
ranking of treatment means while ensuring that (1) the
magnitude of the difference for all of the treatments
in each group is negligible; and (2) the magnitude of
the difference of treatments between groups is non-
negligible.

The NPSK test is used to avoid any spurious results
when the distributions do not meet the basic ANOVA
assumptions of the original ScottKnott test (i.e., the nor-
mality of the distributions, the homogeneity of variances,

and the minimum sample size). Therefore, the NPSK
test is more appropriate to determine the statistical sig-
nificance of the accuracy improvement of GPT2SP and
other baselines as it does not require the assumptions
of normal distributions, homogeneous distributions, and
the minimum sample size. The NPSK test is made up of
2 steps:

1) (Step 1) Find a partition that maximizes the median of
each distribution between groups. First, the distribution
is sorted by the median value of the distributions.
The Kruskal Chisq statistic is computed to identify a
partition that maximizes the median values between
groups. The Kruskal Chisq test is a non-parametric
test, which does not require data normality and data
heterogeneity assumptions.

2) (Step 2) Split into two groups or merging into one group.
The magnitude of the difference for each pair for all
of the treatment medians of the two groups is ana-
lyzed. If there is any one pair of treatment medians
of two groups are non-negligible, the two groups
are split, otherwise, the two groups are merged into
one group. Then, the Cliff |"| effect size is used to
estimate the effect size of the difference between the
two medians.

We used the implementation of the Non-Parametric
ScottKnott ESD test from the ScottKnott ESD R package
(Version 3.0).

5 EXPERIMENTAL DESIGN AND RESULTS

RQ1) Does our GPT2SP outperform Deep-SE for
within-project scenarios?

Approach. To address this RQ, we focus on within-
project evaluation. Within-project evaluation is a sce-
nario where models are trained and test on the dataset
from one single project. To ensure that the within-
project evaluation is realistic, the dataset is sorted in
a chronological order for each project. To ensure a fair
comparison with Deep-SE and avoid any temporal vali-
dation bias, the dataset of each project is split into three
sets: training (60%), validation (20%), and testing (20%).
The data split follows the temporal requirement where
the training data came first followed by the validation
data, and the testing data is the most recent data. This
ensures that new issues in the testing set will not be used
for training, and the past issues in the training set will
not be used for testing. For each project, the GPT2SP
models are trained on the training set, while the testing
set is used to evaluate using the MAE measure. We apply
the within-project evaluation scenario to each of the 16
different datasets. Then, for each dataset, we measure the
MAE based on the model with the best hyper-parameter
setting that achieves the lowest loss value. Note that the
loss value is computed based on the validation data,
while the MAE is measured based on the testing data.

Then, we compare our GPT2SP with nine exist-
ing baseline approaches, i.e., Deep-SE [7], LSTM+RF,
LSTM+SVM, LSTM+ATLM, LSTM+LR, Doc2Vec+RF,
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Fig. 3: (RQ1) The percentage improvement of the MAE
between our GPT2SP and the nine baseline comparisons
for within-project estimation scenarios.

BoW+RF, Mean, and Median. Similar to Choetkiertikul et
al. [7], LSTM is used to generate a vector representation,
then is fed into four ML techniques (i.e., Random Forest,
Support Vector Machine, Automatically Transform Lin-
ear Models, Linear Regression). In addition, two addi-
tional feature representations are also used (i.e., Doc2Vec
and Bag-of-Words) to generate a vector representation.
Mean and Median Effort estimations are the mean or
median story points of the past issues in the training set
to estimate the story points of the target issue. [7, 45].
Finally, to quantify the magnitude of improvement for
our GPT2SP with the nine baseline approaches, we
compute a percentage improvement of the MAE us-
ing the following calculation: (MAEbaseline#MAEour)!100%

MAEbaseline
.

Then, we apply a non-parametric ScottKnott ESD test to
statistically rank the MAE distributions of our GPT2SP
and the nine baseline approaches.

Results. Figure 3 presents the percentage improvement
of the MAE between our GPT2SP and the nine baseline
approaches, while Figure 4 presents the ranking of our
GPT2SP and the nine baseline approaches for within-
project estimation scenarios. Each data point represents
the MAE of each studied project.

Our GPT2SP achieves a median MAE of 1.16, which
is 34%-57% significantly more accurate than the ex-
isting nine baseline approaches. Figure 3 shows that
our GPT2SP is 6%(Clover)-47% (Talend Data Quality)
more accurate than Deep-SE and 38%-75% than the
Mean baseline among the studied projects. In addition,
Figure 4 shows that our GPT2SP models are the most ac-
curate for agile story point estimation. According to the
non-parametric ScottKnott ESD ranking (see Figure 4),
our GPT2SP is the only approach that appeared in Rank-
1, while Deep-SE appears in Rank-2 where the other 8
baseline approaches appear in Rank-3 to Rank-5, indi-
cating that our GPT2SP models statistically outperform
other existing baseline approaches with non-negligible
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Fig. 4: (RQ1) The ranking of our GPT2SP and the nine
baseline comparisons for within-project estimation sce-
narios. ($) Lower Mean Absolute Error (MAE) = Better.

difference for within-project evaluations. These results
highlight the significant advancement of our GPT2SP
approach over the state-of-the-art Agile story point esti-
mation models.

RQ2) Does our GPT2SP outperform Deep-SE for
cross-project scenarios?

Approach. To address this RQ, we focus on cross-project
evaluation. Cross-project evaluation is a scenario where
models are trained from one project and test on another
project. Similar to Choetkiertikul et al. [7], we focus
on cross-repositories and within-repositories. For cross-
repository evaluation, models are trained from a project
in a repository, and tested on another project in the other
repositories. For within-repository evaluation, models
are trained from a project in a repository, and tested
on another project within the same repository. For each
project, the GPT2SP models are trained on the training
set, while the testing set is used to evaluate using the
MAE measure. To ensure a fair comparison, we use
the same target project as Choetkiertikul et al. [7] for
both cross-repository and within-repository evaluation
scenarios Then, we compare our GPT2SP with Deep-
SE [7] and Analogy-based estimation (ABE0) [19, 23–25].
The ABE0 estimates a story point of an issue in the target
project based on the mean of story points of the k-nearest
issues (k=3) from the source project. Similar to RQ1,
we compute a percentage improvement of the MAE us-
ing the following calculation: (MAEbaseline#MAEour)!100%

MAEbaseline
.

Then, we apply a non-parametric ScottKnott ESD test to
statistically rank the MAE distributions of our GPT2SP
and the two baseline approaches.
Results. Figure 5 presents the ranking of our GPT2SP
and the two baseline approaches for cross-project esti-
mation scenarios. Each data point represents the MAE
of each studied project.
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Fig. 5: (RQ2) The Mean Absolute Error (MAE) of our
GPT2SP compared to Deep-SE and ABE0 for cross-
project estimation scenarios.

Regardless of the used training set from within-
repository or cross-repository, our GPT2SP is still
the most accurate for cross-project estimations when
compared to Deep-SE and ABE0. For cross-repository
evaluations, our GPT2SP achieves a median MAE of
2.14, which is more accurate than than Deep-SE by 39%
and ABE0 by 49%. We find that Deep-SE achieves a me-
dian MAE of 3.5, while ABE0 achieves a median MAE of
4.2. In particular, the improvement of our GPT2SP varies
from 23% (Talend Data Quality !Aptana Studio) to 59%
(Appcelerator Studio!Mule Studio). According to the
non-parametric ScottKnott ESD ranking (see Figure 5),
our GPT2SP is the only approach that appears in Rank-
1, while Deep-SE appears in Rank-2 and ABE0 appears
in Rank-3, indicating that our GPT2SP statistically out-
performs the other two baseline approaches with non-
negligible difference for cross-repository evaluations.

The substantial improvement for cross-project estima-
tion scenarios has to do with the use of GPT-2 pre-
trained language models, highlighting the benefits of
using GPT-2 language models to learn the distributed
representations of words in a broader context than the
Deep-SE project-specific pre-trained language models. In
contrast, Deep-SE builds a pre-trained language model
for each project to generate a vector representation of
each word, limiting the understanding of the language
models to the known words within the trained project
and limiting the transferability of Deep-SE that learns
from one project to other projects.

For within-repository evaluations, our GPT2SP is
comparable to Deep-SE and ABE0. We find that GPT2SP
achieves a median MAE of 2.4 (Rank-1), Deep-SE
achieves a median MAE of 2.53 (Rank-1), while ABE0
achieves a median MAE of 2.82 (Rank-2). Despite the
comparable performance, we find that GPT2SP outper-
forms Deep-SE for 62.5% ( 58 ) of the within-repository
evaluations. In particular, the improvement of our
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Fig. 6: (RQ3) The impact of our GPT2SP models when
either of the tokenization or the architecture components
is changed. This figure shows that the Transformer
architecture substantially improves the MAE of Deep-SE
(Word-LevelSP+LSTM+RHWN!Word-LevelSP+GPT2).
On the other hands, the choice of subword tokenization
algorithms have little impact on the MAE. Nevertheless,
BPE is still the best subword toknization algorithm for
our GPT2SP.

GPT2SP varies from 3% (Mule Studio!Mule) to 46%
(Mesos!Usergrid).

RQ3) What are the contributions of the components
of GPT2SP?

Approach. To address this RQ, we conduct an ablation
study by examining the MAE of our GPT2SP when each
component is varied. We consider the two major compo-
nents of our GPT2SP, i.e., the BPE subword tokenization
and the GPT-2 architecture. To better understand the
contribution of the BPE subword tokenization, we keep
the GPT-2 architecture, while varying the BPE subword
tokenization to two alternative subword tokenization
algorithms, i.e., WordPieceSP and SentencePieceSP. To
better understand the contribution of the GPT-2 Trans-
former, we keep the Word-Level tokenization (which was
used in Deep-SE), while varying the architecture from
LSTM+RHWN (used in Deep-SE) to GPT-2. In total, we
compare the MAE of the five different models across
the 16 datasets using the within-project scenario. Similar
to RQ1, we measure the MAE based on the model with
the best hyper-parameter setting that achieves the lowest
loss value which is computed based on the validation
data, while the MAE is measured based on the testing
data.
Results. Figure 6 presents the results of our GPT2SP
and the other possible approaches.

The Transformer architecture used in our GPT2SP
substantially improves the MAE of Deep-SE by
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6% to 47%. When considering the different ar-
chitectures with the same word-level tokenization
(i.e., Word-LevelSP+GPT2 and Word-LevelSP+LSTM+
RHWNDeep#SE), we observe that the MAE of Deep-SE
is substantially improved by 6% to 47%, with a me-
dian percentage improvement of 34%. This substantial
improvement highlights the benefits of the Transformer
architecture which leverages the masked multi-head
self-attention mechanism. Unlike the Deep-SE approach,
their LSTM unit cannot capture all dependencies because
the accumulated information in the short-term memory
cell needs to be refreshed at each time step. Thus,
some information may be discard overtime. However,
the masked multi-head self-attention mechanism allows
each word in a sequence to interact with each others
equally with a masked mechanism to prevent the models
to attend the subsequent positions, which better captures
the dependencies between the words and provides richer
semantic meanings.

On the other hand, when considering the dif-
ferent subword tokenization algorithms with the
same GPT-2 architecture (i.e., BPE+GPT2GPT2SP, Word-
PieceSP+GPT2, and SentencePieceSP+GPT2), we observe
that different subword tokenization algorithms achieve
little MAE differences. This finding indicates that, re-
gardless of the subword tokenization algorithms, the
GPT-2 architecture still outperforms the Deep-SE ap-
proach for all of the studied projects. We suspect that
the little impact of the tokenization algorithms has to
do with the different nature of the downstream tasks
of the Transformer models. Recently, researchers raise
concerns that different tokenization approaches have a
large impact on the Transformer models for code gener-
ation tasks in SE (e.g., NMT-based automated program
repairs [10, 16, 18]). Although BPE subword tokenization
is employed in recent studies [10, 16, 18] to address the
open/large vocabulary problem, our story point estima-
tion is an estimation problem (Text!Number), which is
different from the code generation tasks (Code!Code).
Thus, the little impact of the tokenization approaches
on the story point estimation models may suggest that
open/large vocabulary problem is not a big concern for
our story point estimation task. Nevertheless, BPE is still
the best tokenization approach for our GPT2SP.

6 A PROOF-OF-CONCEPT EXPLAINABLE AI-
BASED STORY POINT ESTIMATION WITH EX-
PLANATIONS AND SUPPORTING EXAMPLES

In this section, we present a proof-of-concept of our
explainable AI-based story point estimation (called
GPT2SP) as a web-based tool with explanations and
supporting examples. The main purpose of the proof-
of-concept is used to conduct a survey study in order to
investigate the challenge of story point estimation tasks
and motivate the need of supporting explanations for
AI-based story point estimation.

Fig. 7: An example screenshot of our web-based GPT2SP
tool (URL: https://share.streamlit.io/awsm-research/
gpt2sp webapp/main/app.py).

6.1 A GPT2SP tool

To help practitioners better understand the estimation
and promote the adoption of our GPT2SP, we develop a
proof-of-concept web-based story point estimation tool
(see Figure 7). Taking an issue as input, our tool is
designed to serve three purposes:

1) Estimate the story point;
2) Highlight the most important word that contributed

to the story point estimation of the given issue; and
3) Provide supporting examples from the training set

of the same project. Our supporting examples refer
to example issues in the training set of the same
project that contain the most important word with
the same story point.

In particular, we leverage two concepts of Explainable
AI for our GPT2SP tool, i.e., feature-based explanations
and example-based explanations. Feature-based explana-
tions aim to help practitioners better understand what
are the most important word that contributed to the
story point estimation of the given issue. On the other
hand, example-based explanations extend the concept
of case-based reasoning [2] by searching for the best
supporting examples that have the same word and the
same story point from the same project.
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An Example Usage of our GPT2SP tool. To illus-
trate an example usage of our GPT2SP tool, we select
an issue (TIMOB-20252)1 from the Titanium project. The
title of TIMOB-20252 is “Windows: Windows 10 SDK is not
detected”. Once we input this title into our GPT2SP tool,
the model estimates a story point of 5.0. We find that the
story point estimation for this issue is correct based on
the actual ground-truth.

Then, our GPT2SP tool will provide 2 key explana-
tions: (1) what are the most important word that con-
tributed to the story point estimation of the given issue;
and (2) what are the best supporting examples from the
past estimates. Our GPT2SP tool shows that “Windows”
is the most important word that contributes to the story
point estimation of this issue. In addition, our GPT2SP
tool also shows the top-3 supporting examples accord-
ing to the most important word (i.e., TIMOB-178452,
TIMOB-178463, TIMOB-178474). We find that these three
supporting examples have the word “Windows” and
the same story points, indicating that issues with similar
story points often share similar keywords. In other words,
this highlights that our GPT2SP may help Agile teams
achieve the consistency of story point estimation based
on historical data.

Implementation Details. We develop the web-based
GPT2SP using the Streamlit framework.5 First, we pub-
lish the GPT2SP models on the HuggingFace’s Model
Hub [56]. These models will be imported according to
the selected project. Then, our GPT2SP tool will estimate
a story point according a given input. Then, we extract
the word attribution scores from the attention weights
of the masked multi-head self-attention mechanism. The
word attribution score is calculated based on Integrated
Gradient, which is an axiomatic model interpretability
algorithm [46]. We use the implementation of the Inte-
grated Gradient approach provided by the transformer-
interpret Python library6. The word attribution score
indicates the contribution of each word in an issue to
the final story point estimate.

Figure 7 shows an example of highlighted words
according to their attribution scores. The word attri-
bution score varies from -1 to 1, where the positive
ranges indicate the positive contribution (highlighted in
Green), while the negative ranges indicate the negative
contribution (highlighted in Red). Then, we search for
supporting examples from the past estimates (i.e., issues
in the training set of that project with the same word
and the same story point). In this example, we find three
best supporting examples from the past estimates (i.e.,
TIMOB-17845, TIMOB-17846, TIMOB-17847).

6.2 A Survey Study with Agile Practitioners

1. https://jira.appcelerator.org/browse/TIMOB-20252
2. https://jira.appcelerator.org/browse/TIMOB-17845
3. https://jira.appcelerator.org/browse/TIMOB-17846
4. https://jira.appcelerator.org/browse/TIMOB-17847
5. https://streamlit.io/
6. https://github.com/cdpierse/transformers-interpret

The purpose of our survey is to understand the practi-
tioners’ perceptions of (1) the challenge of the story point
estimation task and (2) the AI-based story point estima-
tion with/without explanations. Similar to Kitchenham
and Pfleeger [22], we conducted our study according to
the following steps: (1) design and develop a survey, (2)
recruit and select participants, and (3) verify data and
analyze data. We explained the detail of each step below.

(Step 1) Design and develop a survey. We designed
our survey as a cross-sectional study where participants
provided their responses at one fixed point in time. The
survey consists of 10 closed-ended questions and 3 open-
ended questions. For closed-ended questions, we used
multiple-choices question and Likert scale from 1 to 5.
Our survey consists of three parts: preliminary question;
AI-based agile story point estimations; and AI-based
agile story point estimations with explanations.

Part I: Demographics and Challenge. The survey starts
with a question (“Do you have experience working in the
context of Agile Software Development?”) to ensure that
our survey results obtained from the right target partic-
ipants. Then, the survey is followed by demographics
questions related to roles, levels of experience, whether
the participant estimate story points, and the degree of
challenge of the story point estimation task followed by
an open question for the rationale.

Part II: Story point estimation without explanations. The
next part focuses on practitioners’ perceptions on AI-
based story point estimations without explanations.
Specifically, we presented a usage scenario and an exam-
ple visualization of an AI-based story point estimation
without explanations using the upper-part visualization
of Figure 7 Then, we asked two questions, i.e., (“How
do you perceive the usefulness of the AI-based Agile
Story Point estimations?”) and (“Do you trust the AI-
based Agile Story Point estimations?”) followed by an
open question for the rationale.

Part III: Story point estimation with explanations. Finally,
we repeated the same questions as Part II, but with ex-
planations using the complete visualization of Figure 7.

We used Google Form to conduct our survey in an
online setting. Each participant is provided with an
explanatory statement on the landing page that describes
the purpose of the study, why the participant is chosen
for this study, possible benefits and risks, and confi-
dentiality. The survey takes approximately 10 minutes
to complete and is completely anonymous. Our survey
has been rigorously reviewed and approved by the
Monash University Human Research Ethics Committee
(MUHREC ID: 31180).

(Step 2) Recruit and select participants. We recruited
the practitioners that have software engineering related
experience through LinkedIn and Facebook platforms.
We sent a survey invitation to the target groups via the
direct message. To ensure that our survey is not biased,
we selected participants from various large companies.
Finally, we obtained a total of 33 responses over a two-
weeks period of recruitment.
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Q1: How do software practitioners perceive the challenge of the story point estimation task?

(Q1.1) Please rate the degree of challenge in estimating story points.

Q2: Would AI-based story point estimation with explanations be more useful than without explanations?

(Q2.7) Would you consider adopting AI-based Agile Story Point Estimations if they are integrated into modern 
software development tools (e.g., JIRA) for free with no conditions?

6% 13% 44% 25% 13%
100 50 100

38%19%

Response     Extremely not challenging     Not challenging     Neutral     Challenging     Extremely Challenging

50 0

(Q2.1) How do you perceive the usefulness of the AI-based Agile Story Point estimations?

(Q2.2) Do you trust the AI-based Agile Story Point estimations?

(Q2.3) Please justify the response to Q2.2? (Why do you trust or do not trust the story point estimations?)

100 100
19%13% 19%19% 31% 50%32%

5050 0

100 100
13%31% 26%37%

5050 0
38% 13%6%

(Q2.6) Please justify the response to Question 2.5

(Q2.5) Do you trust the AI-based Agile Story Point estimations "with supporting explanations"?

(Q2.4) How do you perceive the usefulness of the AI-based Agile Story Point estimations "with supporting explanations"? 

100 100
62%26%

5050 0
31% 31%13%13% 13%

100 100
50%25%

5050 0

31%25% 19%19%6%

Response     Strongly disagree    Disagree    Neutral     Agree     Strongly agree

100 100
13%

5050 0
19%13% 31% 69%38%

Fig. 8: (Q1/Q2) A summary of the survey questions and the results obtained from 16 participants.

(Step 3) Verify data and analyze data. To ensure
that our survey results are derived from the right target
participants, we exclude 17 responses that do not have
experience working in the context of Agile Software
Development and do not perform story point estima-
tion. To verify the completeness of the response in our
survey (i.e., whether all questions were appropriately
answered), we manually review all of the open-ended
questions. Finally, we obtain a set of 16 responses. We
present the results of closed-ended responses in a Likert
scale with stacked bar plots. We manually analyze the
responses of the open-ended questions to better under-
stand the in-depth insights. Respondent demographics
are provided in Appendix.
6.3 Survey Results

(Q1) How do practitioners perceive the challenge of
the story point estimation task?
Findings. 38% of the respondents perceived that the
story point estimation task is challenging to extremely
challenging due to various reasons:

• Heterogeneity of team members (R1: Because we need
to estimate story point to match all people in our team.)

• Subjective estimation (R3: It is quite subjective, de-
pending on team members’ experience.)

• Task familiarity (R3: Some tasks outside of your area are
difficult to estimate how long they should take, comparing
with the tasks you’re familiar with., R8: It is difficult to
know the exact time for the story point, especially for the
task that we haven’t worked on it before.)

• Project size and group size (R10: The larger the project

and group, the more challenging the estimation.)
• Problem description is simplified inappropriately

(R13: Question description (the problem to be solved) is
always too simplistic.)

(Q2) Would AI-based story point estimation with
explanations be more useful and trustworthy than
without explanations?
Findings. AI-based story point estimation with ex-
planations (62% of respondents) is perceived more
useful than without explanations (50% of respondents).
Similarly, AI-based story point estimation with explana-
tions (50% of the respondents) is perceived more trust-
worthy than without explanations (26% of respondents).
AI-based story point estimation with explanations is
perceived as more useful and trustworthy due to the
following reasons:

• The existence of supporting explanations (R1: More
trust after seeing supporting information but not fully
trust right now., R12: It looks more sensible with sup-
porting explanations and also helps the development to
make his/her own judgement.)

• The knowledge of historical training data (R3: It
based on previous estimation but some outliers might take
more effort than usual so tagging might not be able to
help.)

• The supporting explanations make the estimation
more reasonable (R13: It seems more reasonable.)

• Feel more comfortable to leverage the estimation
with supporting explanations (R8: By knowing where
the suggestion is come from and is the result based on
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the related task or not. It make me feel more comfortable
to decide whether to use the predicted story point for that
task or not.)

Summary. Our survey study with 16 Agile practitioners
found that the story point estimation task is perceived as
an extremely challenging task. In addition, our AI-based
story point estimation with explanations is perceived as
more useful and trustworthy than without explanations.
Finally, we found that 69% of the respondents consider
adopting AI-based Agile Story Point Estimations if they
are integrated into modern software development tools
(e.g., JIRA), highlighting the practical need of our Ex-
plainable AI-based story point estimation approach.

7 DISCUSSION

Below, we discuss how our work will be beneficial to
practitioners and researchers.

Benefits to Practitioners. The primary goal of our
GPT2SP is to augment Agile practitioners in estimating
story points prior to the sprint plannings according
to the past estimates to ensure the consistency among
the team members—not to achieve a fully-automated Agile
process. Instead, our GPT2SP aims to serve as a decision-
support system to augment human-decision makings
for the story point estimation practices. Like any socio-
technical projects, the Human-AI interaction is still re-
quired, meaning that the team meeting is needed during
the backlog refinement, but our GPT2SP will provide
story point estimations that align with past estimates.

Benefits to Researchers. To the best of our knowl-
edge, this paper is the first to leverage a Transformer
architecture for Agile story point estimations. Our RQ1
and RQ2 show that our GPT2SP outperforms ten existing
baseline approaches, while our RQ3 shows that the
Transformer architecture used by our GPT2SP yields
greatly improves the accuracy of the story point esti-
mation when compared to the state-of-the-art Deep-SE.
Thus, the customized Transformer architecture for our
regression task may be applicable to other SE tasks.

In addition, this paper is the first to leverage the
masked multi-head self-attention mechanism inside the
Transformer to highlight what words contribute the most
to the estimation, making our GPT2SP approach more
interpretable than Deep-SE. In addition, we also develop
a proof-of-concept tool to provide the best supporting
examples from past estimates. The supporting examples
provided by our GPT2SP tool could be an example
model inspection analysis for other AI4SE tasks, high-
lighting a promising research direction towards Explain-
able AI for Software Engineering (XAI4SE), which is still
challenging and rarely explored.

8 RELATED WORK

In this section, we discuss related work and the differ-
ence of our work with respect to the existing literature.

8.1 Effort Estimation

Effort estimation is proposed to estimate the amount of
effort (e.g., person hours) that is required to complete
the development of software products. Effort estimation
is essential to help teams gain a better understanding of
how much time, effort, and money it will take to deliver
software products that are of value to their organiza-
tions. For example, Boehm et al. propose a COnstruction
COst MOdel (COCOMO) [5], which is a regression-based
approach that leverages the predefined factors and their
relationships with the estimated effort. The COCOMO
model is built using a series of past projects, therefore,
the performance is limited when facing a new project
that has not appeared in past data. Commeyne et al. [8]
propose an approach which relies on COSMIC Function
Points (CFPs) and to estimate the effort for completing
an agile project.
Difference. Different from prior studies in effort estima-
tion which is proposed for traditional software develop-
ment like waterfall, this paper focuses on Agile story
point, which is another proxy of effort measurement in
the context of Agile software development.

8.2 ML-based Story Point Estimation

ML-based story point estimation is proposed to help
teams to accurately estimate Agile story points for a
given work item by leveraging Machine Learning (ML)
techniques. In particular, Story Point Estimation is for-
mulated as a regression task to estimate a story point
given an input feature vector. Previously, researchers
propose to use various handcrafted features (e.g., work-
ing hours and developer skills [11]) for estimating story
points with various ML-based models (e.g., bayesian
network [11, 14], support vector machine [36]). How-
ever, the traditional data collection of such handcrafted
features is still manual and time-consuming that could
potentially hinder the adoption in practice.

To address the challenge of manual feature engineer-
ing process, Porru et al. [36] use the document frequency
(TFIDF [41]) to extract features from text data with a sup-
port vector machine (SVM) classifier to predict the story
point. As this approach is able to generate feature rep-
resentation without manual extraction, such approach
needs a document cleaning process (e.g. eliminating
special characters) and only focuses on the document
frequency without extracting the semantic and syntactic
between words, that could lead to meaningless feature
representation.
Difference. Different from prior studies in ML-based
story point estimation, our GPT2SP leverages a Trans-
former architecture, which is a deep learning approach,
to automatically learn the semantic of textual features in
the issue reports.

8.3 DL-based Story Point Estimation

Various deep learning-based story point estimation ap-
proaches have been proposed. For example, Panda et
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al. [29] compare different types of Neural Networks (e.g.,
General Regression Neural Network and Polynomial
Neural Network) for story point estimation. Praynlin et
al. [37] leverage Recurrent Neural Network, ELMAN
Neural Network, and explore the effectiveness of using
backpropagation algorithm to train a Neural Network
for story point estimation. Marapelli et al. [27] propose
an approach based on RNN and Convolutional Neural
Networks (CNN). Choetkiertikul et al. [7] propose an
approach based on Long Short-Term Memory (LSTM)
with a Recurrent Highway Networks (RHWN).
Difference. Different from prior studies that focus more
on exploring traditional NN and RNN-based models for
story point estimation, our paper is the first to leverage
a Transformer architecture and the pre-trained language
model to address various limitations of Deep-SE [7].
Our results show significant performance improvement
with non-negligible effect size. In addition, this paper is
the first to leverage the attention mechanism to provide
supporting explanations to practitioners, as our survey
results show that with supporting explanations are per-
ceived more useful and more trustworthy than without
supporting explanations.

8.4 Explainable AI for SE

The explainability of AI models in SE recently becomes
a critical concern, since practitioners often do not trust
the predictions [49], which may hinder the adoption
of AI models for SE in practice. Recently, Explainable
AI has been actively investigated in the domain of
defect prediction [48, 49]. For example, recent works
have shown some successful case studies to make de-
fect prediction models more practical [15, 33, 34, 55],
explainable [17, 20], and actionable [31, 35, 40]. However,
these studies only focus on explaining the traditional ML
approaches.
Difference. To the best of our knowledge, this paper is
among the first to leverage the attention mechanism of
the GPT architecture for explaining deep learning-based
story point estimation models. Unlike prior studies, our
GPT2SP is a deep learning approach that is designed to
be interpretable by using the self-attention mechanism.

8.5 Attention Mechanism as a Model Interpretability
Technique

Deep learning is known to be complex and hardly inter-
pretable. Thus, various model-agnostic techniques from
the Explainable AI literature are proposed to explain the
predictions of deep learning or machine learning models,
which have been recently adopted in software engineer-
ing. For example, recent studies [17, 20, 31, 33, 35, 40, 55]
leverage a LIME model-agnostic technique [42] for ex-
plaining the predictions of defect prediction models.
However, such model-agnostic techniques are consid-
ered as an extrinsic model-agnostic technique (i.e,. a
model-agnostic is applied to explain a black-box DL/ML

model after the model is trained), not an intrinsic model-
agnostic technique (i.e., a DL/ML model that is inter-
pretable by itself so extrinsic model-agnostic techniques
are not needed to apply afterward).
Difference. Different from prior studies, this paper is
among the first attempt to leverage the attention mech-
anism to explain the prediction of Transformer-based
agile story point estimation models, highlighting the
substantial benefits of the attention mechanism for story
point estimation.

9 THREATS TO VALIDITY

In this section, we discuss threats to the validity.
Threats to construct validity relate to the quality of

story point datasets. Prior studies raised concerns that
the quality of datasets may have an impact on the accu-
racy of machine learning models, especially, for defect
prediction [13, 32, 50]. In particular, prediction models
may be inaccurate if the ground-truth labels are noisy
(e.g., a NASA defect dataset). Such noisy labels (i.e., a
file is labeled as defective or not) in defect datasets have
to do with the use of heuristics to generate ground-truths
data. On the other hand, story point datasets prepared
by Choetkiertikul et al. [7] are labelled based on actual
information provided in the JIRA issue tracking system,
which is not from any heuristics. Based on our random
samples, we do not observe any bias in the ground-
truths. Thus, the quality of story point datasets may not
pose a great risk to our experimental results.

Threats to internal validity relate to the hyperpa-
rameter settings of GPT2SP. Our GPT2SP consists of
various hyperparameter settings (i.e., number of hidden
layers, number of attention heads, and learning rate).
Prior studies raise concerns that different hyperparam-
eter settings may have an impact on the evaluation
results, especially, for defect prediction models [47, 51].
However, finding an optimal hyperparameter setting can
be very expensive given a large search space of the
Transformer architecture. Instead, the goal of our work is
not to find the best hyperparameter setting, but to fairly
compare the accuracy of our approach with the existing
baseline approaches. Thus, the accuracy reported in the
paper is served as a lower bound of our approach, which
can be even further improve through hyperparameter
optimization. To mitigate this threat, we report the hy-
perparameter settings in the replication package to aid
future replication studies.

Threats to the external validity relate to the gen-
eralizability of the accuracy of our GPT2SP approach.
The evaluation results of our GPT2SP are based on the
datasets of 23,313 issues provided by Choetkiertikul et
al. [7]. Thus, the results may not be generalized to other
datasets and other open-source or proprietary software
projects. Therefore, other datasets can be explored in
future work.

The results of our survey study are limited to 16 Agile
practitioners. Thus, our findings may not be general-
ized to other practitioners and companies with different
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processes, settings, and cultures. On the other hand,
our survey study with 16 Agile practitioners has shown
that our Explainable AI-based Agile story point tool is
useful to some extent. Thus, a user study with real-world
settings is recommended in future work.

10 CONCLUSION

In this paper, we propose GPT2SP, a Transformer-based
Agile Story Point Estimation approach to address the
three limitations of Deep-SE. Through an extensive eval-
uation of our approach on 23,313 issues that span across
16 open-source software projects with 10 existing base-
line approaches for within- and cross-project scenarios,
our results show that our GPT2SP approach (1) is 34%-
57% more accurate than existing baseline approaches for
within-project estimations; (2) is 39%-49% more accurate
than existing baseline approaches for cross-project esti-
mations. The ablation study also shows that the GPT-
2 architecture used in our approach substantially im-
proves Deep-SE by 6%-47%, highlighting the significant
advancement of the AI for Agile story point estimation.
Finally, our survey study with 16 Agile practitioners
shows that AI-based story point estimation with expla-
nations is perceived as more useful and trustworthy than
without explanations. In addition, we find that 69% of
the respondents consider adopting AI-based Agile Story
Point Estimations if they are integrated into modern
software development tools (e.g., JIRA), highlighting the
practical need of our Explainable AI-based story point
estimation approach.
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[32] J. Petrić, D. Bowes, T. Hall, B. Christianson, and N. Baddoo, “The
Jinx on the NASA Software Defect Data Sets,” in Proceedings of
the International Conference on Evaluation and Assessment in Software
Engineering (EASE), 2016, pp. 13–17.

[33] C. Pornprasit and C. Tantithamthavorn, “JITLine: A Simpler,
Better, Faster, Finer-grained Just-In-Time Defect Prediction,” in
Proceedings of MSR, 2021, p. To Appear.

[34] ——, “Deeplinedp: Towards a deep learning approach for line-
level defect prediction,” IEEE Transactions on Software Engineering,
pp. 1–1, 2022.

[35] C. Pornprasit, C. Tantithamthavorn, J. Jiarpakdee, M. Fu, and
P. Thongtanunam, “Pyexplainer: Explaining the predictions of
just-in-time defect models.”

[36] S. Porru, A. Murgia, S. Demeyer, M. Marchesi, and R. Tonelli,
“Estimating story points from issue reports,” in Proceedings of
the The 12th International Conference on Predictive Models and Data
Analytics in Software Engineering, 2016, pp. 1–10.

[37] E. Praynlin and P. Latha, “Performance analysis of software effort
estimation models using neural networks,” International Journal of
Information Technology and Computer Science (IJITCS), vol. 5, no. 9,
pp. 101–107, 2013.

[38] A. Radford, K. Narasimhan, T. Salimans, and I. Sutskever, “Im-
proving language understanding by generative pre-training,”
2018.

[39] A. Radford, J. Wu, R. Child, D. Luan, D. Amodei, I. Sutskever
et al., “Language models are unsupervised multitask learners,”
OpenAI blog, vol. 1, no. 8, p. 9, 2019.

[40] D. Rajapaksha, C. Tantithamthavorn, J. Jiarpakdee, C. Bergmeir,
J. Grundy, and W. Buntine, “SQAPlanner: Generating Data-
Informed Software Quality Improvement Plans,” IEEE Transac-
tions on Software Engineering (TSE), 2021.

[41] J. Ramos et al., “Using tf-idf to determine word relevance in
document queries,” in Proceedings of the first instructional conference
on machine learning, vol. 242, no. 1. Citeseer, 2003, pp. 29–48.

[42] M. T. Ribeiro, S. Singh, and C. Guestrin, “Why should I trust you?:
Explaining the Predictions of Any Classifier,” in Proceedings of
the International Conference on Knowledge Discovery & Data Mining
(KDD), 2016, pp. 1135–1144.

[43] F. Sarro, A. Petrozziello, and M. Harman, “Multi-objective soft-
ware effort estimation,” in 2016 IEEE/ACM 38th International
Conference on Software Engineering (ICSE). IEEE, 2016, pp. 619–
630.

[44] R. Sennrich, B. Haddow, and A. Birch, “Neural machine
translation of rare words with subword units,” arXiv preprint
arXiv:1508.07909, 2015.

[45] M. Shepperd and S. MacDonell, “Evaluating Prediction Systems
in Software Project Estimation,” Information and Software Technol-
ogy, vol. 54, no. 8, pp. 820–827, 2012.

[46] M. Sundararajan, A. Taly, and Q. Yan, “Axiomatic attribution for

deep networks,” in International Conference on Machine Learning.
PMLR, 2017, pp. 3319–3328.

[47] C. Tantithamthavorn, A. E. Hassan, and K. Matsumoto, “The
Impact of Class Rebalancing Techniques on The Performance and
Interpretation of Defect Prediction Models,” IEEE Transactions on
Software Engineering (TSE), p. To Appear, 2019.

[48] C. Tantithamthavorn, J. Jiarpakdee, and J. Grundy, “Explainable
AI for Software Engineering,” arXiv preprint arXiv:2012.01614,
2020.

[49] ——, “Actionable analytics: Stop telling me what it is; please tell
me what to do,” IEEE Software, vol. 38, no. 4, pp. 115–120, 2021.

[50] C. Tantithamthavorn, S. McIntosh, A. E. Hassan, A. Ihara, and
K. Matsumoto, “The Impact of Mislabelling on the Performance
and Interpretation of Defect Prediction Models,” in Proceeding of
the International Conference on Software Engineering (ICSE), 2015,
pp. 812–823.

[51] C. Tantithamthavorn, S. McIntosh, A. E. Hassan, and K. Mat-
sumoto, “Automated Parameter Optimization of Classification
Techniques for Defect Prediction Models,” in Proceedings of the
International Conference on Software Engineering (ICSE), 2016, pp.
321–332.

[52] M. Usman, E. Mendes, and J. Börstler, “Effort estimation in agile
software development: a survey on the state of the practice,”
in Proceedings of the 19th international conference on Evaluation and
Assessment in Software Engineering, 2015, pp. 1–10.

[53] M. Usman, E. Mendes, F. Weidt, and R. Britto, “Effort estimation
in agile software development: a systematic literature review,” in
Proceedings of the 10th international conference on predictive models
in software engineering, 2014, pp. 82–91.

[54] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N.
Gomez, !. Kaiser, and I. Polosukhin, “Attention is all you need,”
in Advances in neural information processing systems, 2017, pp. 5998–
6008.

[55] S. Wattanakriengkrai, P. Thongtanunam, C. Tantithamthavorn,
H. Hata, and K. Matsumoto, “Predicting defective lines using a
model-agnostic technique,” IEEE Transactions on Software Engineer-
ing (TSE), 2020.

[56] T. Wolf, L. Debut, V. Sanh, J. Chaumond, C. Delangue, A. Moi,
P. Cistac, T. Rault, R. Louf, M. Funtowicz et al., “Huggingface’s
transformers: State-of-the-art natural language processing,” arXiv
preprint arXiv:1910.03771, 2019.

Michael Fu is a Ph.D. candidate at Monash
University, Australia. His research interests AI-
based application on Software Engineering
problems.

Chakkrit (Kla) Tantithamthavorn is a Senior
Research Fellow in the Faculty of Information
Technology, Monash University, Australia. He is
recognized as the most impactful early-career
SE researcher based on a bibliometric assess-
ment of software engineering (2013-2020), and
received numerous prestigious awards including
an ACM SIGSOFT Distinguished Paper Award
at ASE’21, and a 2020 ARC’s Discovery Early
Career Researcher Award (DECRA).

Authorized licensed use limited to: Monash University. Downloaded on March 22,2022 at 12:14:39 UTC from IEEE Xplore.  Restrictions apply. 


